The four molecule sets used in this work are detailed as follows.
using the MSMS package, 3 for simplicity the dispersive van-der Waals term was ignored in these calculations) was subtracted from ∆G solv values. The water model charge asymmetry parameters R z OH used for CHA-GB are provided in the Main Text for all three water models used in this work.
Neutral Small Molecules.
A set of 504 neutral small molecules to study hydration models were compiled previously by Mobley et. al. 4 In the original work, these molecules were prepared using the GAFF 2 small molecule parameters as assigned by Antechamber. Merck-Frosst implementation of AM1-BCC 5, 6 was used to assign the partial charges. The explicit (TIP3P) solvation free energies were computed using the Bennett acceptance ratio 7 (BAR) in standard TIP3P water without employing any restraint to avoid the conformational variability. To minimize possible uncertainties due to inadequate conformational sampling of flexible molecules, here we restrict ourselves to a smaller subset of 248 rigid molecules as discussed in the main text. Note that the time trajectories for explicit (TIP3P) simulation were not provided in the original work, Ref. 4 , and were hence obtained from implicit molecular dynamics simulations. 8 These implicit simulations were performed on the same 504 small molecule set using a GB implementation (igb=5) of AMBER, 9 without the surface area term, which was, however, added by re-weighting, see Ref. 8 for details. Using these time trajectories we computed the root mean square deviation (RMSD) of atomic positions of these molecules in 10 ns time trajectories. 248 rigid molecules were chosen for which the RMSD's were below 0.3 Åwith respect to their initial conformations, see Figure 1 . In order to compare CHA-GB with GB and 3D-RISM 10 we have used the rigid molecule subset, however the full set of 504 molecules was used to compare with the SEA model 11 and the experimental solvation free energies. 4 Amino Acid Analogs This set is comprised of 48 structures. The coordinates, atomic partial charges, and the explicit solvent (TIP3P) solvation free energies in TIP3P of 40 structures were obtained from Ref. 12 -two conformations for each of 20 nonzwiterionic single residue amino acid side chain dipeptides of the form N-acetyl-X-N-methylamide, where X refers to one of the twenty standard amino acids. Only the charged states of the titratable amino acids, ASP, LYS, GLU, and ARG were considered in Ref. 12 . We therefore added 8 additional structures corresponding to the neutral states of these four amino acids. The same coordinates as that of the corresponding charged structures were used. The atomic partial charges of the neutral ASP, GLU and LYS were obtained from AMBER force field parameters, whereas partial charges of neutral ARG were obtained from Ref. 13 . The polar part of the solvation free energies of these 8 additional structures were computed using standard TI in explicit (TIP3P) water, discussed later.
Protein set 19 small proteins were randomly selected from a larger data set of representative proteins structures from Feig et al. 14 with PDB IDs 1az6, 1bh4, 1bku, 1brv, 1byy, 1cmr, 1dfs, 1dmc, 1eds, 1fct, 1fmh, 1fwo, 1g26, 1ha9, 1hzn, 1paa, 1qfd, 1qk7, and 1scy. Chain "A" or "model 1" (as referred to in the original work) has been chosen when appropriate. We used the H++ server 15 to assign partial charges and the protonation states of ionizable amino acids. Using specific values of pH in H++ we transformed the structures such that overall molecule was neutral. The random selection resulted in a fairly representative sampling of various structural classes. The structural composition of the proteins is as follows: 6 mostly α helical, 4 mostly β sheet, 4 roughly equal mix of α/β , and 5 mostly disordered. The size of most of these proteins is about 30 amino acids.
Simulation Protocol
Standard thermodynamic integration(TI) protocol for neutral molecules adopted from Ref. 16 was used to obtain the explicit solvent (TIP3P, TIP4P-Ew) solvation free energies. Amber 12 17 simu-
The distribution of rmsd of conformational change during 10 ns molecular dynamics simulation in TIP3P using initial conformation as reference. The trajectories were obtained from Ref. 4 . Red bars correspond to the selected 248 rigid set of small molecule, rmsd < 0.3Å lation package was employed. The details of the TIP5P-E solvation free energies are provided in the section on molecule sets, above. The polar contribution was computed as the difference of the charging energy of the molecular cavity in the aqueous phase and the gas phase. 18 The TI integrals were approximated using a five point Gaussian weighted sum. All simulations were performed using the Langevin thermostat with a collision frequency of 2 ps −1 and a time step of 2 fs. Hydrogen bonds were constrained with SHAKE 19 using a geometrical tolerance of 10 −6 Å. For the aqueous phase, the molecules were placed in a truncated octahedral box such that the minimum distance between the solute atoms and the box edge was 12 Å. The non-bonded interaction cutoff was 10.0 Å, and long-range electrostatic interactions were calculated using periodic boundary conditions via. the particle mesh Ewald (PME) summation. 20, 21 Positional restraints of 50 kcal/mol/ Å 2 on all atoms were employed to hold the solute in the desired conformation. The system was gradually heated at constant volume for 50 ps followed by a 1 ns equilibration at constant pressure of 1 atm and pressure relaxation time of 2 ps. The last 1 ns of a 2 ns constant volume simulation was used for the free energy calculations.
Parameter Optimization

The Training and Test Sets
The model parameters (9 intrinsic atomic radii and τ for CHA-GB, 9 intrinsic atomic radii for GB) were optimized using a training set designed using molecules from the rigid small molecule set and the set of amino acid analogs. This training set consisted of a total of 148 molecules, specifically, 124 molecules were chosen from the rigid set and 24 molecules from the amino acid analogs. The molecules in the training set were chosen such that the atom types and the polar solvation energy of each of the two molecule classes, the small molecules and the amino acid analogs, are equally represented as that of the rest of the molecules in the respective sets. A test set was designed using the rest of the molecules from the two sets. The training set and test set are provided at the end, in Table 8 and Table 9 , respectively.
Optimization protocol
We optimize the model parameters using an objective function rmse(rigid molecules)+rmse(amino acid analogs) such that the two molecule classes are equally represented during optimization. We use a heuristic nonlinear optimization technique namely the Nelder-Mead simplex algorithm, that uses initial guess values of the parameters. With termination criteria of 10 −3 for the parameter set and convergence criteria of 10 −4 for the objective function, several parameter sets randomly selected within a physical range were used as initial guess, Table 1 .
Robustness and Validation
The optimum parameter set pertains to the converged set with the lowest objective function. 10 independent optimizations led to the converged objective function of 1.58 kcal/mol for CHA-GB, with the rmse of the full 248 small molecules set and the full set of 48 amino acid analogs, 0.90 kcal/mol and 0.93 kcal/mol respectively. However for GB the converged objective function value was 2.82 kcal/mol with the rmse of the two molecule sets being 1.35 and 1.40 kcal/mol, respectively. For more refined estimate of ∆G pol , we obtained our Table 1 : Initial Parameters used for the optimization of parameters for CHA-GB and GB: random numbers from a uniform distribution were drawn from the lower bound (Min) and upper bound (Max) for various parameters. The intrinsic radii are in Å Figure 2 : The converged value of the objective function (OF), rmse(small molecules)+rmse(amino acid analogs) for each of the 100 random optimization runs. The OF is plotted against the parameter distance metric d i0 = ||r i − r * || 2 , where r i is the converged parameter set for the i th optimization run and r * is the optimum parameter set used in this work for CHA-GB (in red) and GB (in black).
Initial parameter values used in the optimization
final set of parameters from 100 random optimizations. The final value of the objective function for CHA-GB was 1.47 kcal/mol whereas for GB it was 2.48. Note that the final outcome of the optimizations with 10 runs was similar to that obtained with 100 runs. Models' performance on the training set and the test set compares well, see Table 2 . Comparison of the converged parameter sets of all 100 optimizations with the respective converged objective function, Figure 2 reveal that the parameter set for CHA-GB is more robust than that of the GB. The resulting parameter sets and the objective functions of these optimizations form a tight cluster i.e. close to the global optimum, whereas for GB the optimized parameters vary significantly from one optimization run to another. Note that the parameter sets were multi-dimensional and hence we used the distance metric (a measure of disparity between these parameter sets) namely, d i = ||r i − r * || 2 , where r i is a parameter set for the i th optimization run and r * is the optimum parameter set. In Figure 3a we compare the performance of GB and CHA-GB for all 248 small molecules and 48 amino acid analogs against the explicit (TIP3P) ∆G pol . For the 248 rigid small molecules, we further analyzed the accuracy of ∆G pol estimated via CHA-GB and GB for different degrees of molecular polarity, as quantified by explicit (TIP3P) ∆G pol ; small (∆G pol > −3.0 kcal/mol), intermediate (−3.0 kcal/mol> ∆G pol > −6.0 kcal/mol) and large (∆G pol < −6.0 kcal/mol), see Figure 4 . We find that CHA-GB consistently provides a more accurate estimate over GB in each ∆G pol range. 
3D RISM: additional accuracy metrics
The single point 3D-RISM ∆G pol (TIP3P) were computed using the 3D-RISM implementation 22 in AMBER 17 and corrected 10 using two parameters, a 1 and a 2 , which was obtained by fitting against the explicit ∆G pol ,
Here, ∆G
3DRISM/GF pol
, is the computed 3D-RISM ∆G pol with Kovalenko-Hirata closure 23 is the solvent number density. The corrected polar solvation energy, ∆G corr pol were obtained using optimizations performed using Nelder-Mead simplex algorithm. The same training set that was used for the rigid molecules and the amino acid analogs, Table 8 and the same objective function rmse(small molecules) + rmse(amino acid analogs) was used. These optimizations led to a 1 = −0.0118 kcal/mol and a 2 = 0.6419 kcal/mol. The performance of 3D-RISM against the explicit (TIP3P) ∆G pol is shown in Figure 5 and Table 3 . 
Parameter re-optimization for flexible molecules
To minimize possible uncertainties due to inadequate conformational sampling of flexible molecules, in the Main Text we have restricted ourselves to a subset of 248 rigid molecules. However, including the flexible molecules to train the model parameters does not affect our overall conclusions. To this end, we re-optimize the models' parameters by using a new, larger training set. It contains the same 24 molecules of the amino acid analogs in Table 8 . To these, we now add 124 molecules including both rigid and flexible kind from the small molecule set were chosen while keeping equal representation of solvation free energy and atom types between the training set and the test set.
We note that the new set now has one extra atom type namely Phosphorus (P) which was missing among the 248 rigid molecules. The parameter optimizations were performed using the same protocol (same objective function and validation) as in the case of the rigid molecules detailed in the Main Text. The optimum radii set is provided in the Table 4 . Note that the radii values of this set are similar to the one found earlier, see Main Text. The optimum value of τ = 1.3. The performance of the GB and CHA-GB models in Figure 3b and Table 5 , shows similar agreement as that of the earlier optimization both for GB and CHA-GB. 4 We optimize ∆G np against experimental solvation free energy under the approximation that the total solvation energy, ∆G solv = ∆G pol + ∆G np . The ∆G pol values, Figure 3b , are taken from our previously optimized ∆G pol using the optimum radii set from Table 4 . The optimization protocol is adopted from Ref. 24 . The non-polar component of the solvation energy can be decomposed into cavity (∆G cav ) and van der Waals dispersion (∆G vdw ) terms. 25
i.e.,
Here γ is the effective surface tension coefficient and SASA is the solvent accessible surface area 
where σ w = 3.1507 Å and ε w = 0.152 kcal/mol are the Lennard-Jones (LJ) parameters for oxygen in TIP3P water and σ i , ε i are the LJ parameters for the atom type i, standard GAFF 2 values were used in this work.
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